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An Entity Disambiguation Method Based on Deep Learning

WEN Wanzhi, JIANG Wenxuan, GE Wei, ZHU Kai, LI Xikai, WU Xuefei
(School of Information Science and Technology, Nantong University, Nantong 226019, China)
Abstract: The traditional named entity disambiguation technology usually relies on rich context and knowledge of ex-
ternal entities. However, many emerging entities lack knowledge bases and the text containing entities is short. These
limitations make traditional algorithms unable to make full use of contextual semantic information. At the same time,
due to the limitation of the number of effective samples, the final application scenarios of the algorithm are very limit-
ed. Based on the above defects, this paper proposes a deep learning—based entity disambiguation method combining
bidirectional encoder representation from transformers (BERT) model and long short—term memory neural network.
The main work are the following parts: 1) A word vector based on the BERT model is designed to obtain more infor-
mation through fewer data samples. 2) In order to allow the long short—term memory neural networks to retain useful
information and verify that the short text applies to the method of this article, this method segments the sentence sam-
ples. 3) This article uses the neural network intelligence (NNI) technology proposed by Microsoft, which makes it pos-
sible to quickly and efficiently obtain the optimal neural network hyperparameter. This study compares other different
types of word vectors and neural network technology, confirming that the F—-Measure value of the entity disambigua-
tion technology based on deep learning used in this paper is higher.
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